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Abstract
The spatial contexts in which South African towns have been planned have its roots in the principles of Apartheid as a system of maintaining separation between the various racial groups. As a result cities in South Africa have taken on distinctive spatial pattern that have resulted in socio spatial inequality and a generally dysfunctional urban form. In this light, the previously disadvantaged and socio economically marginalized inhabit the peripheral regions of cities while the groups in higher social levels enjoy the prime areas and benefit from products of these areas. Landsat ETM satellite data was used to assess post Apartheid settlement growth in pre-selected nine cities. High resolution aerial photographs were used to create base classes of land use for the nine cities for 2002/3. These were then overlaid onto subsequent Landsat images for the ten year period. The areas were mapped using the GIS utilities present in ERDAS Imagine 8.7.  The mapped classes were then transformed into GIS format and analyzed using the appropriate GIS tools. The analysis of the spatial change within each city was complemented with theoretical data from each individual municipality and other data sets such as census data. The results showed divergent development between socio-economic strata with new development taking place largely in the peripheral areas of South African settlements. These trends maybe attributed to, amongst others, efforts by local governments in formalizing previously disadvantaged settlement areas alongside contemporary processes of urban sprawl characterizing new development around decentralized nodes. After 1994, the integration of previously separate entities of South African townships and major cities into metropolitan areas resulted in a major problem on urban planning, specifically infrastructure and service delivery. The exponential growth of settlements due to increased urbanization inside and/or outside these metropolitan areas has compounded this problem. 
1. Study area
As the study aims to determine the spatial growth of metropolitan cities, 10 municipalities connected to these cities were selected, namely: Tshwane Metro, Johannesburg, Buffalo, Polokwane, eThekwini, Nelspruit, Cape Town, Kimberley, Rustenburg and Mangaung (Fig. 1).
Fig. 1: Map showing the distribution of 10 municipalities for major South African cities.
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2. Methodology
Change detection is a technique used in remote sensing to determine the changes in a particular object of study between two or more time periods [1]. This technique is an important process for monitoring and managing natural resources and urban development because it provides quantitative analysis of the spatial distribution in the area of interest. [2] demonstrated the procedure that to detect land cover or land use change, a comparison of two or more satellite images acquired at different times, can be used to evaluate the temporal or spectral reflectance differences that have occurred between them.

The advance of change detection studies brought with it the development of procedures to determine accuracy of different techniques, which has become increasingly important in order to give credibility to the results. This study uses post classification technique, which was found to be the most suitable for detecting land cover change [3]. In the post-classification technique, two images from different dates are independently classified [2]. The classified images were combined to create a new change image classification, which indicated the changes ‘from’ and ‘to’ that took place. 

The change detection model followed these general steps: data collection, pre-processing of remotely sensed data, image classification using appropriate logic, perform change detection using post-classification analysis, and vectorizing of the raster change layers so that they can be manipulated in GIS tools (see Fig. 2).
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Fig. 2: A change detection process chart.


















3.1 Data collection
The data collection entailed procurement of both raster and vector datasets. The raster datasets were part of archived satellite imagery at the CSIR-Satellite Applications Centre. The following satellite imagery was used in the study:
· higher resolution (10m x 10m pixel) SPOT imagery, which were used for the creation of the high-detailed baseline dataset, and 

· medium resolution (30m x 30m pixel) Landsat 5 TM and Landsat 7 ETM+, which were for the classification purposes and change detection in a ten-year period.

In some instances, the aerial photography with a spatial resolution of approximately 1m x 1m was available to be used for verification purposes alongside the SPOT imagery. The vector data were obtained from the municipalities and it entailed the feature shapefiles with the extents of major cities of South Africa (Fig. 1).

3.2 Data pre-processing

These raster images were later subjected to an image-to-image co-registration (i.e. pixel-to-pixel fixation) and resampled using a Nearest Neighbour resampling method to avoid any significant loss of pixel information. Resampling is the process of assigning values to the rectified pixels in the image, and the Nearest Neighbour resampling was recommended because it results in minimal change to the raw data as compared to its counterparts such as Cubic Convolution and Bilinear Interpolation [4]. The Nearest Neighbour resampling method, which results in minimal loss of data, was recommended because the change detection technique depends largely on the values of individual pixels. So, the closer the pixel values are to the original status, the better the change detection results. The accuracy of the rectification process was evaluated against the Root Mean Squared (RMS) error benchmark of 0.5, which was acceptable by the National Landcover Project standards [5]. 
3.3 Feature classification 
An assessment was done to identify the class criteria for the project based on the mapping resolution and data manipulation standards. Arbitrary classes were created based on the National Landcover classification criteria, and they were defined as follows:
· Industrial areas: non residential areas that consist of major heavy and light industrial related infrastructure (e.g.) manufacture or transport) and usually located on the periphery of urban areas or adjacent to major roads and railways. Examples would include power stations, factories, train stations, airports and warehouses.
· Commercial areas: non-residential areas primarily used for conducting commerce and other mercantile businesses located in the central business district of major towns. The appearance of these is usually groups of tall, permanent high-density buildings, subdivided by primary roads and streets.

· Residential structures: formal built-up areas. This class will be subdivided according to high and low residential settlements (as shown in Fig. 3). High residential would comprise well-defined infrastructural high-density residential areas, e.g. dense secondary roads with extensive areas of settlement clusters. Low residential would comprise of sporadically distributed residential areas with little defining structure in terms of primary roads, layout and settlement pattern.

· Informal housing: unstructured non-permanent settlement types established on an ad-hoc basis. Typically, high-density buildings. 

· Open space: areas with no land use activity attached to its existence. Mainly unimproved grassland.

Fig.3: An example of two classes (low and high density residential areas) on a Landsat ETM+    

   panchromatic image. 
Feature classification involved the use of unsupervised classification (also known as unsupervised ISODATA clustering) on the Landsat 5 TM and Landsat 7 ETM+ images to produce 30 classes according to pixel values. Subsequently, these 30 classes would be recoded to fit into 5 classes, namely industrial, commercial, residential, informal housing and open areas.
3.4 Post-classification analysis
Post-classification is a technique in change detection, in which different images from different dates are independently classified [2]. These images are later combined to create a new classified image which indicates the changes in land use from one date to another. Two steps in post-classification analysis were discussed in this study, namely data preparation and change detection.
· Data preparation
A comprehensive grid for each study area was used to apportion the classified images to enable the user to verify and clean the classes by moving from one grid to another. The raster classes were differentiated in terms of colour to allow each class to be validated against overlaid high resolution SPOT4 imagery and aerial photography. 
The validated classes were recoded into the 5 classes as discussed in the previous section. Tabular cross-referencing was done on each classified image, to ensure that input images have the same classes in their attribute table when the next step of change detection is performed.
· Change detection

On a classified raster image, each class consisted of a group of pixels bearing the same number, e.g. 1 denotes commercial area. These classified raster images (i.e. 1st Image and 2nd Image in Table 1) were combined to create a new change image, which indicated the change “from” and “to” that occurred; this is called post-classification technique of change detection.
Table 1: Change detection classes between two images of different years.
	 
	 
	1st Image

	 
	Class Values
	1
	2
	3
	4
	5
	6

	2nd Image

 
	1
	11
	12
	13
	14
	15
	16

	
	2
	21
	22
	23
	24
	25
	26

	
	3
	31
	32
	33
	34
	35
	36

	
	4
	41
	42
	43
	44
	45
	46

	
	5
	51
	52
	53
	54
	55
	56

	
	6
	61
	62
	63
	64
	65
	66

	 
	 
	 
	 
	 
	 
	 
	 

	Class values
	Class Description
	
	
	
	
	
	

	1
	Commercial 
	
	
	
	
	
	

	2
	Industrial
	
	
	
	
	
	

	3
	Open space
	
	
	
	
	
	

	4
	Residential Low
	
	
	
	
	
	

	5
	Residential High
	
	
	
	
	
	

	6
	Residential Informal
	
	
	
	
	
	




For instance, when the class value 3 (Open space) in the first image changes in land use to “Residential High/Low”, the values on the change image will read as 34 and 35. In other words, 34 and 35 shows that Open space in the 1st image has changed from “Open space” (3) to “Residential Low” (4) or “Residential High” (5).
The classified raster images were then converted to vector format. Each vector class was then cleaned and its topology built using the editing functions in Erdas Imagine GIS Utilities, and later converted to shapefile format that could be viewed and manipulated in a GIS environment.


4. Results and Discussions
The results from a change detection analysis between 1994 and 2002 indicated that a significant change in spatial growth has taken place in most of the cities. For example, Cape Town between 1994 and 2002 shows significant spatial growth mainly towards the south, the west and north-west directions (Fig.6). The most change in land use classes was from “Open areas” to “Residential Low” (Fig. 5 and Fig. 6). In conjunction with this noticeable growth of “Residential Low” land use, a spatial expansion of “Commercial” together with “Industrial” land uses is evident. 

Fig.4: Landsat ETM+ scene of Cape Town and the surrounding areas.
Fig.5: A classified Landsat image of Cape Town indicating land use classes for 1994.
Fig. 6: A classified Landsat image of Cape Town indicating land use classes for 2002. 
The blue circles show the areas of active growth since 1994. 
Further spatial growth is also evident in the vicinity of the Somerset West mountain slopes and Gordon’s Bay in a southerly direction of Cape Town. Concentrated (infill) spatial development is mostly located in the Cape Flats areas and in the vicinity of Philippi / Crossroads south of Cape Town International Airport.
5. Conclusion

The study has demonstrated the feasibility of using multi-temporal, large coverage satellite imagery to detect spatial growth in urban areas. The limitation to this change detection analysis is the low-detailed image resolution that prevents clear delineation of land use classes.  This is encountered when there are subtle differences between each image class, such as in the case of “Commercial” and ‘Industrial” land uses. Despite this limitation, satellite imagery presents opportunities for spatial monitoring of urban areas in a continuous and consistent manner.
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